Abstract. Point-of-interest (POI) recommendation becomes an important research for location-based social networks, since it helps modern citizens to explore new locations in unvisited cites effectively according to their preferences. However, the current POI recommendation methods are lack of a deep mining in all time slots features and their effects on recommendation. To this end, in this paper we propose a POI recommendation method (called UPT) by combining time slot features, user-based collaborative filtering and spatial influence. Firstly, we extract time interval feature and time slot based popularity feature from history check-in datasets on LBSNs using probability statistical analysis method. Then, we devise a POI recommendation method based on the proposed temporal features to achieve better performance. In UPT, user-based collaborative filtering and smoothing technique are used by adding each time slot influence, and the overall popularity of a location is combined with each time slot feature. Our experimental results on Foursquare and Gowalla datasets show that UPT outperforms baseline POI recommendation methods in precision and recall.
Introduction
With the rapid development of modern cities, there are more and more point-of-interests (POIs), such as malls, hotels, tourist spots and restaurants, which enrich the recreational life of the public. Facing the huge number of POIs, it is difficult for citizens to select interesting or useful locations according to their interests, especially when they explore the unvisited areas. This is the well-known problem of "curse of choices" or "information overload". Therefore, POI recommendation has been introduced to make satisfied decisions efficiently for users, which can also benefit business development [1] .
The aim of POI recommendation is to recommend locations for citizens where they have not visited before [2] . In POI recommendation, the citizen personalized feature extraction is the most important content, which mainly utilizes the information of location-based social networks (LBSNs, e.g., Foursquare, Facebook, Gowalla, Twitter, Yelp and Dianping). In LBSNs, the user can check in a POI using his smartphone, and the corresponding time, coordinates of location and tips information are all stored in the LBSN database. By exploiting such check-in data, the multi-dimensional information features on location, time, social relationship and content [3] are extracted and used in the POI recommendation to achieve the better performance.
In recent years, the POI recommender systems based on LBSNs have been widely studied among various categories, e.g., time-based POI recommendation [4] , geography-based POI recommendation [5] , social relation-based POI recommendation [6] , use-based collaborative filtering (CF) POI recommendation [7] , and the fusion POI recommendation of above aspects [8] . However, the current POI recommendation methods suffer from low precision and recall. On the one hand, the LBSNs datasets are highly sparse and they become much sparser when only considering a target time in recommendation, which cause lower connection between users and locations. On the other hand, the existing POI recommendation methods only consider one time slot or adjacent time periods, which are lack of a deep mining in every time slot feature and its effect on recommendation.
To address the above limitations, we propose a new POI recommendation method exploiting user relation based on user-based CF, location popularity and temporal features, which is called UPT. The main contributions of this paper can be summarized as follows:
(1) We explore the time slots influences on the same location visited by a user and the popularity of a location, and extract the time interval feature and time slot based popularity feature from LBSNs check-in datasets using probability statistics analysis method.
(2) We propose a POI recommendation method based on the proposed temporal features, which combines the user-based CF and spatial popularity. The influences of every time slots are introduced to the user-based CF in order to realize the time smoothing technique and alleviate the data sparsity problem. The influence of each time slot is added to location popularity to enhance the relationship between geographical popularity factor and temporal factor.
(3) We conduct experiments on two large-scale real data sets, Foursquare and Gowalla, to evaluate the performance of proposed algorithm. The experimental results show that our algorithm outperforms the baseline POI recommendation methods in terms of precision and recall.
Related Work
The current research on POI recommendation can be categorized into four types: temporal factor, spatial factor, social factor and content factor. As two most special factors on LBSNs, temporal property and spatial feature are coherent and affect each other in citizens' check-in behavior, which are used in POI recommendation algorithms to achieve better performance. For example, users regularly go to a popular mall for shopping in the evening. In this section, we mainly review the literatures of time-based and geography-based POI recommendation.
In time and geography aware POI recommendation methods, a day is split into 24 equal time slots by hour according to the check-in records, and POIs are recommended to users at target time using matrix factorization [9] . Aiming to solve the sparseness problem of each time slot, Yuan et al. [10] propose a time-aware POI recommendation method based on the user-based collaborative filtering, and use time slot smoothing technology to enhance the temporal influence on recommendation. Meanwhile, the popularity of target time is introduced to power law function to enhance the spatial influence. Furthermore, they propose a preference propagation algorithm using geographicaltemporal influences aware graph to model check-in records [11] . Zhang et al. [4] propose a probabilistic framework by utilizing temporal influence correlations of both weekdays and weekends, and also integrate the temporal influence with social and geographical information. Zhao et al. [12] design a time indexing method according to month, weekday type, and hour slot for successive POI recommendation. The proposed model is built upon a ranking-based pairwise tensor factorization framework with a fine-grained modeling of user-POI, POI-time, and POI-POI interactions. Besides the power law distribution model on geographical factor [13] , Liu et al. [14] combine a general Poisson geographical probabilistic factor model with user interest preferences factor, and capture the geographical influence based on Gaussian geographical distribution. Zhang et al. [15] propose the personalized two-dimensional kernel density estimation to replace the one-dimensional geographical distance, and they later propose a new gravity model exploiting the spatiotemporal sequential influence and the extended additive Markov chain [16] . The gravity model effectively integrates the spatiotemporal, social, and popularity influences by estimating a power law distribution. Debnath et al. [17] define a unified framework that takes four factors into consideration: user's categorical preferences, temporal activities, location preferences and POI popularity.
In above methods, the studies of user-based collaborative filtering and location popular both ignore the influence of each time slot on POI recommendation, which leads to unrelated recommendation results to citizen preference.
The Proposed Method Temporal Features Extraction
In this section, time interval feature and time slot based popularity feature are extracted from large-scale LBSNs history check-in datasets. To facilitate the discussion, U all denotes the set of all check-in records in a LBSN, and each check-in record in the datasets is stored as a tuple <userID, time, latitude, longitude, venueID>; U denotes the set of all users, L denotes the set of all point-of-interests.
Time Interval Feature. The goal of POI recommendation is to provide users with locations of interest at a given time, and therefore temporal information is one of the most important factors to be considered. For example, a citizen used to go to the restaurant at 12:00, and we can infer that he will go to the same restaurant or other similar locations at around 12:00 (e.g., from 11:00 to 13:00) with great probability. According to the actual situations, the user may also visit restaurant at other time with a certain probability. Therefore, we call the time difference of a user visiting the same POI as time interval, and conduct probability statistics analysis on time interval. We split a day into 24 equal time slots based on hour and use T to denote the set of all time slots, namely T={0, 1, ···, 22, 23}. Each time slot is denoted by t (t is an integer and tT), e.g., 12:36 can be denoted as time slot t=12.
Definition 1 (Probability of Time Interval, TIP).
Let t u,l and t' u,l be the time slots of a user uU visiting a same location lL, and ∆t denotes time interval, ∆t=t u,l -t' u,l . Then, probability of time interval, TIP Δt , is defined as the ratio of ∆t number to the total time interval number on a LBSN check-in dataset, which can be calculated as follows:
Where num u,l,∆t is the number of the user u check-in location l at a time interval ∆t. If ∆t>12, we have ∆t=∆t-24; if ∆t<-11, we have ∆t=∆t+24, and ∆t{-11, -10, ···, 11, 12}. In order to mine time interval feature, we compute probabilities of all time intervals on Foursquare and Gowalla, and plot the TIP results in Figure 1 . As shown in Figure 1 , the highest TIP values are 21.86% and 19.07% on Foursquare and Gowalla respectively, which are both at time interval ∆t=0. It can also be seen that the probability value declines as the absolute value of ∆t increases, and it has the visiting probability of 1.02% on Foursquare even when ∆t=11. The statistical results indicate that we can not only recommend locations to users at the target time, but also recommend locations at other times, because each time slot has its own recommendation probability. Inspired by this, we combine probability of time interval with recommendation method, and use smoothing technology extended to all time slots to solve the problem of data sparsity and improve time correlation of recommendation. Time Slot Based Popularity Feature of a Location. For a location in real life, the time slot based popularity refers to the degree of welcomed by all users in a certain period of time (e.g., an hour). For example, cinemas usually have higher popularity in the afternoon or evening than morning of a day.
Different from the prevalence in all locations, we focus on the detailed popularity of a location in each hour of a day, which will have a beneficial effect on recommendation.
Definition 2 (Popularity on Time Slots, TSP). The time slot based popularity of a POI lL at a time slot tT, TSP t,l , is defined as the ratio of check-in number of visiting l at the time slot t to the total check-in number of visiting l at all time slots, which can be calculated as follows:
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In order to show the popularities of a location at different time slots, we give the TSP values of top three locations with highest check-in number on Foursquare in Figure 2 . As shown in Figure 2 , there is a significant difference in popularity among different time slots for each location. This observation illustrates that the popularity of POIs can be influenced by time slots, and it has different popularity in different time slot for any location on LBSNs. Therefore, we will introduce the time slot prevalence to location popularity in spatial influence recommendation, in order to improve the relevance of popularity and time.
The Proposed POI Recommendation Algorithm
User-based CF with Time Interval Feature. In our POI recommendation method, we use user-based collaborative filtering to realize the user relation. In the existing POI recommendation works, some methods only use the similarity of users without considering temporal influence at first. Then, the target time is introduced to compute the user similarity, but it causes the more sparse data and worse performance of recommendation results. In order to solve the data sparsity, the smoothing technique is used by extending several time slots. However, it does not mean that other time slots have no chance of check-in for citizens, and all time slots with their respective popularity features are not used in recommendation. Therefore, we utilize smoothing technique of every time slots by combining the probability of time interval with user-based CF.
User-based CF is to recommend the locations for a target user where the similar users have visited. According to this idea, we calculate the similarities between the target user and other users in LBSNs based on cosine similarity method, which is widely used for measuring the implicit data. To make use of the time slot feature, we extend the user-based CF by leveraging the probability of each time interval. Considering that the user relation is one part of our method, we use the whole user set instead of only top-n similar users to calculate the user-based CF probability for a target user.
Definition 3 (User similarity, sim u,v ). For users u, vU, the similarity between u and v, sim u,v , is calculated as follows:
Where r u,l is a binary check-in value, r u,l =1 if user u checked location l; otherwise r u,l =0. The denominator will not be zero, because each user visits some locations and the corresponding information is recorded in the check-in dataset.
Definition 4 (Probability of user-based CF with time interval, P (ucf)
u,t,l ). For a target user uU, the probabilistic value P (ucf) u,t,l of user-based CF with time interval that the user will check in an unvisited location l at time slot t is calculated as follows: 
Location Popularity with Time Slot Feature. In spatial factor, we utilize the POI popularity to make recommendation. The existing methods define the popularity of a POI l as the ratio of check-in number in location l (or the check-in number in location l at time slot t) to the total check-in number in all locations. Different from that, we combine the overall POI popularity with the target time popularity according to the time slot based popularity feature of a location.
Definition 5 (Overall Popularity of a location, op l ). The overall popularity of a location lL, denoted as op l , is defined as the ratio of check-in number in location l to the total check-in number in all locations, which can be calculated as follows:
Definition 6 (Probability of popularity with time slot, P (sp) u,t,l ). For a target user uU, the time slot based popularity probabilistic value P (sp) u,t,l that the user will check-in an unvisited location l at time slot t is calculated as follows:
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The Integrated POI Recommendation Algorithm. Based on the user-based CF with time interval and location popularity with time slot, we give the unified framework of our UPT algorithm.
Firstly, given a user u and the target time t, we can calculate the probability value of the user u will visit location l at time slot t. It includes two parts: one part is the probability value P (ucf) u,t,l of user-time based CF, the other part is the probability value P (sp) u,t,l of time slot based spatial popularity. Secondly, we carry on the normalization calculation using min-max normalization for user-based CF with time interval probability P (ucf) u,t,l and popularity with time slot probability P (sp) u,t,l . Because the two probability values are measured by different methods and have different value ranges. u,t,l using linear interpolation to compute the probability value of our UPT algorithm, which is computed as Eq. (9) . The parameter α is used to tune the weight between user-based CF probability and popularity probability. The probability values of all POIs are sorted and the top-n POIs are returned as recommendation results.
The proposed UPT algorithm is described as follows. We give the time complexity analysis of UPT algorithm. In the first step (Lines 1 to 3), all check-in records are used to calculate the probability of time interval and the complexity is O(24×|U|×|L u |), where |L u | is the maximum number of locations a user has visited. In the second step (Lines 4 to 6), the user similarities are calculated with the cost of O(|U|×|L uv |), where |L uv | is the maximum number of locations users u and v have visited. Finally, the probabilities of all locations are computed (Lines 7 to 16) with the cost of O(|U all |+|U all |+24×|L|×|U|). The total time complexity of UPT is the sum of all steps, which is O(24×|U|×|L u |)+O(|U|×|L uv |)+O(2×|U all |+24×|L|×|U|)≈O(24×|L|×|U|).
Experiments and Analysis

Datasets
In this paper, experiments are conducted on two publicly available LBSNs datasets. The Foursquare contains 194,108 check-in records made by 2,321 users at 5,596 locations, and Gowalla contains 456,988 check-in records made by 10,162 users at 24,250 locations. Most importantly, the check-in densities are 0.0149 and 0.00185 on Foursquare and Gowalla respectively, which can be seen that LBSNs datasets are extreme sparse. For each user, 25% of his or her visited POIs as testing data to evaluate the effectiveness of methods, and the rest 75% check-ins are marked as training data.
Evaluation Metrics
To evaluate the quality of the POI recommendation methods, we use two standard metrics in this paper: precision and recall. Precision is defined as the ratio of the visited POIs number to recommended POIs number, and recall is defined as the ratio of the visited POIs number to POIs number in testing set. Let T u denotes the POIs set of user u in the testing data, R u denotes the top-n recommended POIs set of user u, and then we can calculate precision and recall using the following equations respectively.
Experimental Results and Analysis
We compare the proposed algorithm with the other three baseline algorithms in Table 1 . UCF denotes the user-based collaborative filtering method without using any feature [7] . SK denotes the spatial-based recommendation algorithm using kernel density estimation theory and social correlation [15] . UTS denotes the enhancement of user-based collaborative filtering algorithm by temporal smoothing, and adding POI popularity at a time slot [10] . UPT is the algorithm proposed in this paper, which is combined user-based CF and location popularity with time slot features. We conduct the experiments on Foursquare and Gowalla datasets to compare and analyze the recommendation results of different POI algorithms. For UPT algorithm, we tune the value of parameter α on the datasets by varying α from 0.0 to 1.0, and observe that the best results are reached when α=0.6 and 0.8 on Foursquare and Gowalla, respectively. Therefore, we set α to the optimal values for UPT algorithm in the following experiments. Figure 3 (a) and Figure 3(b) show the precisions of four recommendation algorithms on Foursquare and Gowalla, respectively. As shown in Figure 3 (a) and Figure 3(b) , the precision values of UPT are always highest at top-n for both datasets. Take top-5 for an example, compared with UCF, SK and UTS, precision of UPT on Foursquare increases by 92%, 32% and 27%, respectively. These results show the superiority of UPT algorithm in metric of precision. , the recall values of UPT are also highest at top-n for both datasets. Take top-20 for an example, compared with UCF, SK, UTS, recall of UPT on Foursquare increases by 77%, 32% and 24%, respectively; recall of UPT on Gowalla increases by 85%, 31% and 20%, respectively. The improvement results indicate that UPT performs well in recall.
From Figure 3 , we can see that UPT always achieves the best results in precision and recall under the same situation on both datasets, and the performance of UPT is improved greatly. The reason is that UPT algorithm is incorporated with spatial popular, user-based CF and time slot features together. Specifically, every time slots are utilized in user-based CF according to their own probability feature and the time slot popular of a location is considered in the overall POI popularity. Thus, UPT is better than UCF that only takes user-based CF into account, better than SK algorithm that considers the spatial and social influences, and better than UTS that uses a part of time slots. Besides that, it can be seen obviously that the precisions and recalls on Foursquare are better than that on Gowalla for four algorithms in the same situation. The reason is that Gowalla have larger and sparser data than Foursquare, which causes more difficult to make recommendation using the same algorithm.
Summary
In this paper, we present a time-aware POI recommendation method exploiting user-based CF and spatial popularity for users. By using probability statistics method, we extract two temporal features from check-in datasets in LBSNs, which are time interval feature of a user visit the same location, and the time slot based popularity feature of a location. Based on the proposed features, we devise a new POI recommendation by leveraging user-based CF to model user relation, and exploit all time slots smoothing technology to solve data sparsity issue. The location popularity is also used by combining both overall popularity and time slot popularity. Experimental results on two LBSN datasets show that the proposed algorithm outperforms the baseline POI recommendation algorithms in terms of precision and recall metrics. In our future work, we will explore the combination of multi factors together, and develop new POI recommendation algorithms by means of data mining and smoothing technology in order to mitigate data sparse problem and achieve better recommendation performance.
